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ABSTRACT

Google Trends (GT) has become a popular data source among researchers in a wide variety of
fields. In economics, its main use has been to forecast other economic variables such as tourism
demand, unemployment or sales. This paper questions the quality of these data by discussing the
main data quality aspects according to the literature. Our analysis evidences some non-negligible
issues related to the measurement accuracy of GT, which potentially affects the results obtained
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with GT data and therefore the decisions made with this information. These issues are illustrated
with an example in which some queries to GT are repeated on six different days.

I. Introduction

The rise in popularity of digital media has brought
an enormous growth in the number of data sources
related to the digital footprint left by businesses
and consumers (Blazquez and Domenech 2018).
Such online data include sources such as social
networking sites, corporate websites, and search
engines, which have been used in a wide variety
of research topics ranging from medicine (Pelat
et al. 2009) or politics (Mellon 2014) to finance
(Preis, Moat, and Stanley 2013).

Despite its increasing use in the literature, the
quality of these non-traditional data sources has
been largely overlooked. Data quality is a multi-
dimensional concept which refers to the capability
of data to be used quickly and effectively to inform
and evaluate decisions. Issues with data quality,
such as high measurement error, may impact on
model parameter estimates and create economic
inefficiencies (Bound, Brown, and Mathiowetz
2001).

Google Trends (GT) is a tool that provides
reports on the popularity of certain searches in
the Google search engine. Among the non-
traditional data sources, GT is one of the most
widely used in the empirical economic literature.
It has demonstrated to be a good proxy for inves-
tor’s attention (Da, Engelberg, and Gao 2011), even
during the COVID-19 outbreak (Shear, Ashraf,
and Sadagat 2021; Costola, Iacopini, and

Santagiustina 2021). It is also widely applied in
other applied economics topics, ranging from
unemployment to tourism demand (Choi and
Varian 2012; Jun, Yoo, and Choi 2018). However,
its quality as a data source has not been assessed.

This paper addresses this gap by discussing the
data quality aspects of GT following the framework
proposed by Karr, Sanil, and Banks (2006). Our
analysis detects that GT data have some non-
negligible quality issues, which are evidenced in
an illustrative example.

Il. Google Trends

Google Trends is a freely available tool developed
by Google that provides reports with the popularity
of searches in Google Search. Reports, which
include time-series data, are available for any user-
selected time period, from 2004 to the present day
and can also be restricted to focus on searches done
in a certain language or from a specific location.

The searches whose popularity is reported by GT
may be specified as terms, entities or categories.
Terms refer to the text or keywords included in
the search box.

An entity is an abstraction to refer to a single
semantic unit, such as a place, a person, an object,
an event, or a concept. Since entities refer to the
semantics, they are independent from which terms
are used to refer to them (i.e. synonyms), or even
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the language used. Using entities also avoids the
problem of polysemic terms because GT identifies
them by their ID in Freebase, which is
a collaborative knowledge base.

Google classifies all searches into categories, such
as Finance or Sports. These can be used to filter out
unrelated searches in GT reports for terms or enti-
ties. If no term or entity is selected, the report
includes all the searches that fall in that category.
This way, it is possible to study the popularity of all
searches regarding one specific category.

The main GT output is the Search Volume Index
(SVI), which is a time series representing the evo-
lution of the popularity of a given search. This
relative index is scaled to represent the highest
popularity with an SVI value of 100. Notice that
this normalization depends on the particular query
to GT, so it depends on the specific search, period,
language and geographical area that was selected.
This means that it is not possible, for instance, to
compare SVIs from different regions because
values are relative to the total number of searches
in each region.

lll. Quality of data sources

The quality of data is, according to Karr, Sanil, and
Banks (2006), a wide multidimensional concept
affecting different perspectives of the data source.
Quality dimensions can be grouped into three dif-
ferent ‘hyperdimensions’ of the data source: i) The
process, which is related to the methods to gener-
ate, assemble, describe and maintain the data; ii)
the data, which refers to the data itself contained in
the data source; and iii) the use, which is related to
how the source is used. The evaluation presented in
this paper focuses on the Data hyperdimension.
The analysis of the data quality can also be
applied to different levels of the data source: i) the
database, ii) the tables composing the database, and
iii) the records composing the tables in the data-
base. Unlike traditional data sources, GT is not
a database with a set of tables, but a set of records
returned as a response to a given user request. For
this reason, it is not possible to apply data quality
concepts to the database or table levels of GT.
Following Karr, Sanil, and Banks (2006), the
main quality dimensions of data at the record
level are: accuracy, completeness, consistency and

validity. These dimensions refer not only to the
values of each attribute in the record, but also to
the intra-record relationships. Below, we describe
these quality dimensions and apply them to GT
data.

Accuracy

It is related to whether or not the attribute value
reports the true value. That is, this dimension is
concerned with values measuring what they are
expected to measure. Some statistical errors asso-
ciated with the data, such as coverage biases, sam-
pling defects or non responses, may characterize
how accurate a source is.

GT presents an issue in terms of accuracy,
derived from the fact that the reports are generated
from a sample of searches made by users (Choi and
Varian 2012). The sampling methods are not dis-
closed by Google, so it is not possible to quantify
the sampling error. Although Google recognizes
that results may vary just a few per cent day
to day due to this, the variation could be significant,
as Section 4 evidences.

The popularity of searches reported by GT is
often considered as an indirect method for measur-
ing the attention to a given event or topic.
Although the actual value of this interest is gener-
ally not known, researchers should bear in mind
the coverage bias inherent to GT. First, because it
only represents the population with frequent access
to the Internet (Steinmetz et al. 2014). Although it
has increased over the years, it is still far from full
coverage, especially in certain countries and group
ages. Second, because GT can only collect what was
searched for in Google Search. Google is the refer-
ence engine for general purpose searches.
However, the increasing popularity of specialized
sites or apps (such as Skyscanner or Booking) may
affect the accuracy of GT for measuring interest in
some topics.

Completeness

A record is complete when it includes values for all
attributes. That is, records have no missing values.

GT includes data for all the observations,
although it does not mean that a value is provided
for each time period. Particularly, the value ‘0 is



reported when the search did not reach a minimum
threshold of popularity. The frequency of these
missing values depends on the popularity of the
search in the specific region of interest. Since ‘0’
values precisely represent low popularity, the lack
of completeness does not generally represent an
important issue with GT data.

Consistency

It refers to the situation in which the relationships
among the attribute values in the same record are
valid. A lack of consistency is, for instance,
a starting date after the end date.

GT reports the evolution of the search popular-
ity in a two-attribute table: date and SVI. Since any
relationship between values of both attributes is
acceptable, no consistency issues may arise.

Validity

An attribute value is valid when it is within a pre-
established domain of acceptable values. For example,
a person’s age can only be a positive number.
Ensuring attribute value validity is not enough for
ensuring accuracy, although it is a necessary
condition.

Data in GT reports are generally valid. Dates have
well-formed values and SVI is usually between 0 and
100, as expected. However, there exist certain situa-
tions in which the SVI returns a non-integer value,
particularly “<1“. This means that the search in that
time period had enough volume to appear in the
report, but less than 1/100th than the period with
the highest popularity. GT uses this notation to
avoid confusion with the ‘0’ value (which means
missing data).

As in the case of completeness, this can be trea-
ted and does not represent an important issue.
However, it highlights the lack of resolution of
the SVI, as it only reports integer numbers.

IV. Empirical evidence

This section illustrates some of the accuracy issues
detected above with a simple experiment. It con-
sists of repeating the same query to GT on six
different days and comparing the results.
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Table 1. Google Trends parameters in the experimental setting.
Four searches, one per each search term, were explored.
Parameter

Values

Search terms Graz, Salzburg, Innsbruck, Vienna

Time period 2010/06/01 — 2017/02/28
Category Travel

Language English

User location Worldwide

Searches

This experiment was designed to reproduce the
same searches as in Gunter, Onder, and Gindl
(2019), which aimed to forecast tourist arrivals to
four Austrian cities. They consisted of four searches
to the main Austrian cities, as defined in Table 1.

Repetitions

The four queries were submitted to GT on
4 February 2021, and repeated after one day, and
weekly up to four weeks. This way, the results for
each city were collected 6 times, resulting in 24 time
series.

Results

Figure 1 represents the time series returned by GT
on different dates. For the sake of clarity, only three
of the six collection dates are shown here. As one
can observe, the same queries do not always pro-
vide the same set of results. Notice that all these are
queries with the exact same configuration, so one
would expect that the same set of results is returned
at all times. Although the oscillations in the time
series are similar, the differences are far from being
negligible. This is especially noticeable in the case
of the ‘Graz’ search term, where the blue line
diverges quite often from the other two lines.

To quantify this dissimilarity, the Pearson corre-
lation coefficient, r, between the GT results on
4 February 2021 and all the repetitions was com-
puted. Table 2 shows that r ranges from 0.79 to
0.94, with a decreasing trend in some of the series.
Although the time series can be considered as
highly correlated, they are far from the perfect
correlation one would expect from a digital source.
Therefore, this evidences that the data reported by
GT is not completely accurate and includes some
non-negligible measurement error.



814 e E. CEBRIAN AND J. DOMENECH

Graz

100

90

80

SVI

70

60

50

2011 2012 2013 2014 2015 2016 2017

Date of Retrieval — 2021-02-04— 2021-02-11— 2021-03-04

Salzburg
100

90

80

SVI

70

60

2011

2012 2013 2014 2015 2016 2017

Date of Retrieval — 2021-02-04— 2021-02-11— 2021-03-04

Innsbruck

100

90

80

SVI

70

60

50

2011 2012 2013 2014 2015 2016 2017

Date of Retrieval — 2021-02-04— 2021-02-11— 2021-03-04

Vienna
100

90

SVI

80

70

60

2011

2012 2013 2014 2015 2016 2017

Date of Retrieval — 2021-02-04— 2021-02-11— 2021-03-04

Figure 1. GT reports of searches for four Austrian cities collected at three different dates.

Table 2. Correlation coefficient of the GT data on
4 February 2021 with GT data returned on different dates.

Retrieval date Graz Innsbruck Salzburg Vienna
5 February 2021 0.9084 0.9057 0.9404 0.9184
11 February 2021 0.9075 0.8920 0.9378 0.9219
18 February 2021 0.8201 0.8612 0.9030 0.9247
25 February 2021 0.7936 0.8541 0.9317 0.9081
4 March 2021 0.8304 0.8655 0.9152 0.9190

To quantify how the measurement error could
affect forecasts, some autoregressive distributed lag
(ADL) models were trained following the specifica-
tion described by Gunter, Onder, and Gindl (2019).
The models for all four cities were estimated six
times, one per each retrieval of Google Trends data.
After checking that the in-sample and out-of-
sample errors are similar to those reported by
Gunter, Onder, and Gindl (2019), a monthly out-
of-sample forecast was generated for the last year of
data with an advance (h) of 1, 3 and 6 months. The
range of these forecasts is shown in Table 3.

Considering only the one-month ahead fore-
cast, the difference between the highest and the
lowest estimation of arrivals ranges from 2196

tourists in Innsbruck to 5949 tourist arrivals in
Salzburg. The cases of Graz and Salzburg are par-
ticularly relevant because the forecast differences
can reach up to above 5% of the monthly average
of tourist arrivals.

The variability of forecasts derives from the
lack of accuracy of GT data, as also observed in
Table 2. The source of the inaccuracy is probably
related to the internal process used by Google to
compute the SVI, including here the fact that
Google does not use the whole set of searches to
compute it, but only a small sample with unknown
characteristics.

Table 3. Difference in forecast arrivals by retrieving GT data on
different days and for different forecasting horizons (h).

Difference in forecast arrivals

Average arrivals

City h=1 h=3 h=6 (Mar 2016 — Feb 2017)
Graz 2,681 2,719 2,555 52,586
Innsbruck 2,196 2,175 2,228 77,944
Salzburg 5,949 6,268 6,300 137,708
Vienna 3,894 4,161 5,862 577,195




V. Conclusions

Google Trends has become a very popular data
source among researchers of a wide variety of fields
over the last decade. After analysing the main qual-
ity dimensions of GT, some data quality issues
arose. Those related to the accuracy of the data
were considered as particularly relevant, as the
lack of accuracy could become a significant source
of bias, if it is not corrected. And, when data are
used to estimate econometric models, it may affect
parameter estimates that eventually would lead to
making wrong economic or political decisions.

Our results highlight that the lack of accuracy of
GT data is not negligible. Although these do not
invalidate GT as a data source for social and eco-
nomic analyses, little is known regarding the scope
and the determinants of the inaccuracies. Future
research works should explore and measure these
issues in a wide variety of contexts to allow
researchers to take remedial actions.
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